Abstract: Drilling is a widely used machining process. As the hole drilling operation progresses, a drill-bit gradually degrades until it breaks at the end of its life. Replacing a drill-bit after it is breakage can be costly in certain special applications. At the same time an early tool replacement decision may lead to lower tool life utilisation. This calls for methods that enable accurate prediction of tool failures. In such situations degradation signals using appropriate features are utilised to arrive at the tool replacement decision. In this paper we study two such degradation signals viz., thrust force and torque using 20 derived features (10 features per degradation signal). The methodology used involves a successful application of Mahalanobis-Taguchi System (MTS) analysis that enables an accurate prediction of drill-bit breakage ensuring high tool life utilisation.
Introduction
Cutting tools are extensively used in the manufacturing processes. Of all the cutting operations performed in the mechanical industries, drilling is one of the most commonly used machining processes. As the hole drilling operation progresses, a drill-bit gradually degrades until it breaks at the end of its life. Replacing a drill-bit after it is breakage can be costly in certain special applications that involve an expensive work-piece. At the same time an over-cautious early tool replacement decision would not only lead to lower tool life utilisation but also result in lower productivity due to frequent tool changes. Although there are methods and tools available that can aid in taking direct measurements to assess tool condition, due to intrusive nature they are not attractive economically. In such situations, therefore, online tool condition monitoring methods that help to predict drill-bit failures in advance and are both non-intrusive and reliable are highly desirable.
Several tool-condition monitoring methods that mainly use non-intrusive degradation signals have been reported in the literature. El-Wardany et al. (1996) found monitoring of the kurtosis value obtained from the traverse and thrust vibrations to be effective for online detection of the drill-bit breakage. Dimla and Lister (2000) applied multilayer perceptron neural network for tool-state classification using online data on the cutting forces and vibration, and reported achieving approximately 90% accuracy in tool-state classification. Fu et al. (2007) , Ghosh et al. (2007) , Sun et al. (2006) , Zuperl and Cus (2004) , Abu-Mahfouz (2003) and Chinnam and Mohan (2002) also developed models based on neural networks for online tool-condition monitoring. and Ertunc and Oysu (2004) proposed use of hidden Markov models for tool wear condition monitoring in drilling operations. Jeong et al. (2005) and Haber et al. (2004) investigated tool-wear monitoring using Fast Fourier Transform analysis. Franco-Gasca et al. (2006) and Xiaoli (1999) used wavelet transform to detect tool breakage in a drilling process. Xiaoli and Tso (1999) used spindle motor and feed motor currents in drilling and provided a fuzzy classification method to classify the tool wear state to facilitate defective tool replacement decision-making. developed a decision fusion center algorithm, which combines the outputs from several methods that directly use force and power signals for tool wear condition monitoring in drilling. Ji et al. (2002) used Mahalanobis distance features based on digital tool image for monitoring wearing and breakage states of cutting tools. Chinnam (2002) used general polynomial regression models to develop a rigorous degradation signal-forecasting model for a similar application. Jantunen (2002) provides a summary of various signal analysis methods for tool condition monitoring used in literature and reports statistical parameters to be one of the most frequently used with varying level of success.
Although in this paper too we study features based on statistical parameters, the approach and methodology is new. We study multiple features obtained from the degradation data simultaneously and provide a new methodology for tool-condition monitoring using Mahalanobis-Taguchi System (MTS) analysis. Taguchi et al. (2004) provide several case-studies involving MTS analysis in different areas of engineering and healthcare. Surface and Holbrook (2002) used the MTS analysis to improve a measurement system in a automotive industry application. Das and Datta (forthcoming) applied MTS analysis to explore the effects of chemical composition in hot rolled steel. Although the MTS analysis has lot of potential, it has not yet been used in online cutting tool-condition monitoring applications.
The advantage of using MTS as compared to earlier methods for online cutting tool-condition monitoring lies in its flexibility. The methodology not only allows study of multiple features simultaneously, but also helps to choose useful features from them. Another advantage is the development of threshold value based on the useful features that aids in making a judgement whether or not the tool needs replacement. Pennacchi et al. (2006) studied the problem of robust definition of the acceptance regions using a bivariate analysis. However, when useful features are more than two, arriving at a threshold value or acceptance region could become highly complex. In this paper we propose use of gamma distribution to arrive at a threshold value.
A MTS analysis usually involves four stages as described in Taguchi and Jugulum (2002) . In stage 1 a measurement scale is constructed from a standardised (by subtracting the mean and dividing by the standard deviation) 'normal' group of features using Mahalanobis Distances (MDs) given by,
where j is the observation number in the normal group (1 to m), i is the feature number (1 to k), Z ij is the (z 1j , z 2j , …, z kj ) is the standardised vector and C -1 is the inverse of the correlation matrix.
In stage 2, larger values of MDs obtained from an abnormal group is used for validating the measurement scale developed in stage 1. In stage 3, Orthogonal Arrays (OA) and signal-to-noise ratio values are used for identifying useful features from those under study. And finally, in stage 4 a threshold value for the MDs is developed from the normal group to enable accurate tool condition prediction using the useful features.
This paper aims to apply MTS analysis to extract useful features from degradation signals in a drilling operation and develop a threshold value based on the extracted useful features that help to accurately predict drill-bit failure. Towards this, the paper is organised as follows. Section 2 describes the experimental set-up used for capturing degradation data and 20 features based on statistical parameters derived from the two degradation signals. Section 3 explains the process of constructing and validating the measurement scale for the study. Section 4 deals with identification of the useful features from the 20 statistically based parameters. Section 5 provides the process of arriving at the threshold value and a discussion on the results obtained. The concluding remarks and ideas for future research are given in Section 6.
Drill-bit degradation data
Machining literature shows a strong correlation between thrust force and torque acting on the drill-bit and it's future life expectancy (Kim and Kolarik, 1992) . For this study data on thrust force and torque were collected using an experimental setup that consist of a HAAS VF-1 CNC milling machine, a workstation with LabVIEW software for signal processing, a Kistler 9257B piezo-dynamometer and a National Instruments PCI-MIO-16XE-10 card for data acquisition. Data on nine drill-bits were collected at 250 Hz until their breakage. The recorded data consist of 380 to 460 data points per hole that were condensed to 24 Root-Mean-Square (RMS) values per hole. The number of holes successfully drilled before its breakage is shown for each drill-bit in Figure 1 . Lu et al. (1997) and Gertsbakh and Kordonskiy (1969) note that a degradation data usually consists of three zones viz., the initial running period, the zone of steady state or normal wear, and the zone of catastrophic wear. It is also pointed out that the variation in initial running period and the catastrophic zones is usually large as compared to the variation in the steady-state zone. In Figure 2 (a) and (b) the RMS values for hole #1 show a higher level as compared to hole #2. From the hole #2 onwards there is a gradual increase in the RMS values up to about last two or three holes. This zone may be categorised as the steady-state zone. Thereafter the RMS values for last two or three holes show relatively larger increase and can be categorised as belonging to the catastrophic zone.
In this study we combine the two zones of initial running and steady state, and focus on a methodology that allows classification of the degradation data belonging to the catastrophic zone. It is important to capture the abnormal degradation levels in the catastrophic zone by extracting appropriate features to enable prediction of the drill-bit breakage. Towards this the RMS values of thrust force and torque are numerically summarised into 10 features each viz., maximum, average, standard deviation, coefficient of variation, third quartile, kurtosis, skewness, mean 1 (25% low values trimmed), mean 2 (50% low values trimmed) and mean 3 (75% low values trimmed). The 20 features considered are given in Table 1 . 
Construction and validation of the measurement scale
The last hole successfully drilled by a drill-bit is operationally defined as belonging to certain unique 'abnormal' conditions or degradation levels. Although the degradation levels may show a gradual increase much before the last hole drilled, the operational definition of 'abnormal' condition based on the last drilled hole allows for maximum usage of the tool life. To develop a reference point for the measurement scale and enable prediction of drill-bit breakage, data on last few holes are iteratively excluded and MDs based on all 20 features using Equation (1) obtained such that 'normal' and 'abnormal' groups show adequate separation. The MDs for the abnormal group are obtained by using the correlation matrix of the 'normal group' in Equation (1). Figure 3 graphically shows the results. Figure 3a uses data on all 128 holes drilled using nine drill-bits. The MDs for the normal group is based on all but the last drilled holes of each drill-bit. It can be seen that the overlap of MDs between the two groups is significant. Figure 3b shows a reduced level of overlap in the MD values of the normal and abnormal groups. Figure 3c that uses a 'normal' group based on exclusion of data belonging to last three drilled holes for each drill-bit, represents a borderline case. Figure 3d shows a clear separation of the two groups. Although Figures 3e and 3f are also seen to provide a good separation between the two groups of MDs, the 'normal' group based on Figure 3d is selected due to the following two reasons. Firstly, the selected normal group uses a larger dataset that allows the 'normal' group to be more representative of the unseen normal degradation levels. Secondly, too large a separation between the two groups may lead to the development of a measurement scale that result in early replacement of the drill-bit causing lower utilisation of the total drill-bit life. Thus the selected normal group uses data from 92 drilled holes and excludes data from the last four drilled holes for each drill-bit. The average of the MDs for the normal group is found to be 0.989. Woodall et al. (2003) point out that for 'm' observations in the normal group the average of MDs is given by,
Thus, (m − 1)/m = 91/92 = 0.98913 which is equivalent to the earlier value apart for the rounding error. The maximum MD value for the normal group is 3.7. The average of MDs for the abnormal group is 23.94 with a minimum value of 12.2 and a maximum value of 55.1. Thus a clear separation between the normal and the abnormal group validates the accuracy of the measurement scale.
Identification of the useful features for prediction of the tool condition
After validating the measurement scale, useful features from among the 20 under study are identified. These useful features would help to accurately discriminate between the degradation levels enabling an accurate prediction of the tool breakage. The useful features are identified using OA and signal-to-noise ratio. The 20 features are studied at two levels each. For each feature the level 1 indicates the presence and level 2 indicates the absence of the given feature. Note that a full factorial design with 20 features each at two levels would involve 2 20 = 1,048,576 experimental combinations that are prohibitively large. The 20 features each at two levels can be accommodated in an L 32 (2 31 ) orthogonal array (Taguchi, 1987) . Table 2 gives the L 32 (2 31 ) orthogonal array and the assignment of the 20 features to the first 20 columns.
Using each feature combination given in Table 2 , 20 MD values for the abnormal group is obtained using Equation 
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T U 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 2 2 2 2 2 1 1 1 1 1 1 1 1 2 2 2 2 2 2 2 2 1 1 1 1 3 1 1 1 1 1 1 1 1 2 2 2 2 2 2 2 2 2 2 2 2 4 1 1 1 1 2 2 2 2 1 1 1 1 2 2 2 2 1 1 1 1 5 1 1 1 2 2 2 2 2 1 1 1 1 2 2 2 2 2 2 2 2 6 1 1 1 2 2 2 2 2 2 2 2 2 1 1 1 1 1 1 1 1 7 1 1 1 2 2 2 2 2 2 2 2 2 1 1 1 1 2 2 2 2 8 1 1 1 2 2 2 2 2 1 1 2 2 1 1 2 2 1 1 2 2 9 1 2 2 1 1 2 2 1 1 1 2 2 1 1 2 2 2 2 1 1 10 1 2 2 1 1 2 2 1 1 2 1 1 2 2 1 1 1 1 2 2 11 1 2 2 1 1 2 2 2 2 1 1 1 2 2 1 1 2 2 1 1 12 1 2 2 1 1 2 2 2 2 1 1 2 2 2 1 1 1 1 2 2 13 1 2 2 2 2 1 1 1 1 2 2 2 2 2 1 1 2 2 1 1 14 1 2 2 2 2 1 1 1 1 2 2 2 2 1 2 2 1 1 2 2 Table 2 Column assignments of the ten features in OA L 32 (2 31 ) (continued) However, such interpretation of amount of role played by individual features may not apply when the original data points are used for a given feature. A confirmation run was conducted with the five features identified as useful. S/N ratio and MDs corresponding to the abnormal group were obtained using Equation (3) and Equation (1), respectively. A comparison of S/N ratio and average MD values when using all 20 features and when using only the five features identified as useful is given in Table 3 . Table 3 Comparison after confirmatory trial
Abnormal group S/N ratio
Avg. MD All 20 features 12.9 23.9 Only 5 features identified as useful 11.4 19.3 It is observed from the Table 3 that S/N ratio value obtained with 20 features is marginally higher than that obtained with only five features. The average MD value using the five features is lower than that obtained by using all 20 features. However, compared to the average MD value of 0.989 for the normal group, the average value of 19.3 obtained with only five features is sufficiently high to discriminate between a normal and abnormal degradation signal. Thus, it is observed that sufficiently high S/N ratio and average MD values are obtained with only one fourth of the features.
Threshold value, results and discussions
Once the useful features are selected, the MDs based on the normal group are used to arrive at a threshold value that enables appropriate classification of the abnormal degradation signals. Johnson and Wichern (1992) note that the MD values usually follow a chi-square or a gamma distribution. A chi-square distribution is a special case of more general gamma distribution. The MD values obtained for the normal group using the five features identified as useful are plotted on a gamma probability plot as shown in Figure 5 . It is observed from Figure 5 that a majority of the MD values fall close to a straight line indicating an adequate fit to the gamma distribution. Figure 5 also shows the gamma distribution parameters apart from Anderson-Darling (AD) and the p-value. AD test is a goodness-of-fit test based on an empirical distribution function. It measures the 'distance' or 'discrepancy' between the empirical and the specified (or assumed) distributions (Kececioglu, 1993) . The p-value based on the AD statistic is greater than 0.25 and indicates the closeness of the MD values to the chosen distribution. Using the gamma distribution, the 99.9th percentile MD value of 4.949 is chosen as a threshold value for differentiation between the abnormals and the normal group. A MD value greater than the threshold would indicate degradation signals to belong to the catastrophic zone where chances of the drill-bit breakage are imminent. A MD value below the threshold would indicate normal degradation signal levels. The effectiveness of the proposed procedure is evaluated with the help of degradation signal data from three additional drill-bits. The MDs for each drilled hole using the nine drill-bits studied (training dataset), and the MDs for each drilled hole using three additional drill-bits (testing dataset) along with the threshold value are shown in Figure 6 . It is seen from Figure 6 that the threshold value of 4.949 provides a satisfactory performance for both training and the testing dataset. The performance obtained is further quantified and compared with individual performances of the five useful features identified. A 99.9th percentile value is used as the threshold for each of the individual features. The performances are compared against three parameters viz., percentage life utilisation of the drill-bit, Types 1 and 2 errors. Percentage life utilisation of the drill-bit life is obtained as a total number of holes drilled before the method used predicts tool breakage divided by the number of holes actually drilled. Type 1 error implies occurrence of false signals that is, the method falsely predicts a tool breakage. Type 2 error refers to a situation when the method used does not correctly predict the tool breakage. The comparisons among the three performance measures are given in Table 4 . Table 3 shows that when MD values based on the five useful features are used, the percentage life utilisation of the drill-bits is above 90% for both training and the testing datasets. Also in this case both Types 1 and 2 errors are found to be zero. When the five features are individually used for drill-bit breakage prediction, the % life utilisation varies from 63.3% to 100% for the training dataset and from 51.5% to 100% for the testing dataset. It is also observed that the % life utilisation values using coefficient of variation and 75% trimmed mean for the thrust force degradation signals are either better or comparable to that obtained using MD values. However, the Type 2 error for the two individual features is 100% and 33.3%, respectively. This indicates a poor to low capability of the individual features to accurately predict tool breakage. The other three individual features show lower % life utilisation as well as higher Types 1 and 2 errors.
Note that the three features based on thrust force degradation signals show better % life utilisation as compared to the two features based on torque. The same is true for the Type 1 errors too. However, both thrust force and torque degradation signals show significantly high levels of Type 2 error that limits their ability to individually predict tool breakage accurately. Thus, it is observed that MD values based on the proposed methodology provide a significantly better performance in predicting drill-bit breakage and also at the same time utilising the maximum tool life as compared to any of the five individual features identified as useful.
Conclusions and areas for future research
Drilling operations very often require prediction of drill-bit breakage due to cost or automation considerations. In such situations, degradation signals provide useful data for an online tool-condition monitoring. From the degradation signals such as thrust force and torque, suitable features need to be extracted to enable prediction of drill-bit breakage. This paper shows an application of MTS analysis for feature selection and subsequent prediction of the drill-bit breakage. The results obtained from the test dataset indicate over 90% life utilisation for the drill-bits with zero Types 1 and 2 errors in drill-bit breakage prediction. Although this study describes the use of MTS analysis for a drilling operation, the methodology can be suitably adopted to other cutting operations that require online tool-condition monitoring using degradation signals.
In this research the threshold value obtained after drilling a hole is used for making a prediction whether or not the drill-bit would break while drilling the next hole and thus make a decision if the drill-bit needs to be replaced. A future research area would be to extend the methodology to enable long-term forecasting and developing the confidence intervals. Also further research is needed to deal with probabilistic or stochastic failure planes.
